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Abstract
Angiogenesis involves the formation of new blood vessels by sprouting or splitting of existing blood
vessels. During sprouting, a highly motile type of endothelial cell, called the tip cell, migrates from
the blood vessels followed by stalk cells, an endothelial cell type that forms the body of the sprout. In
vitro models and computational models can recapitulate much of the phenomenology of angiogenesis
in absence of tip and stalk cell differentiation. Therefore it is unclear how the presence of tip cells
contributes to angiogenesis. To get more insight into how tip cells contribute to angiogenesis, we
extended an existing computational model of vascular network formation based on the cellular Potts
model with tip and stalk differentiation, without making a priori assumptions about the specific rules
that tip cells follow. We then screened a range of model variants, looking for rules that make tip cells
(a) move to the sprout tip, and (b) change the morphology of the angiogenic networks. The screening
predicted that if tip cells respond less effectively to an endothelial chemoattractant than stalk cells,
they move to the tips of the sprouts, which impacts the morphology of the networks. A comparison
of this model prediction with genes expressed differentially in tip and stalk cells revealed that the
2endothelial chemoattractant Apelin and its receptor APJ may match the model prediction. To test
the model prediction we inhibited Apelin signaling in our model and in an in vitro model of angiogenic
sprouting, and found that in both cases inhibition of Apelin or of its receptor APJ reduces sprouting.
Based on the prediction of the computational model, we propose that the differential expression of
Apelin and APJ yields a “self-generated” gradient mechanisms that accelerates the extension of the
sprout.
Author summary
In the textbook view of angiogenesis, the growth of new blood vessels from existing ones, a specialized
cell type called the tip cell migrates from the blood vessel as a ‘pathfinder’ for the stalk cells, which
follow the tip and form the body of the blood vessel sprout. The role of tip and stalk cells in angiogenesis
is well established. But paradoxically, computational models and cell culture models can recapitulate
aspects of blood vessel formation in monocultures, without tip and stalk cell differentiation. To develop
new ideas of the mechanisms by which tip cells could contribute to blood vessel formation we extended
an existing computational model with tip and stalk cell differentiation, avoiding any a priori assumptions
about the differences between tip and stalk cells. We then systematically changed the rules that the
tip cells followed, until we had identified model variants in which the computational tip cells’ behavior
matched that of real tip cells: They lead sprouts and impact the resulting blood vessel networks. Our
model predicted that tip cells may be less attracted to a chemoattractant that keeps the tip and stalk cell
stuck together. Interestingly, the model predictions matched the expression patterns of molecular signals
known to be involved in angiogenesis, including Apelin that we examined in more detail. We tested the
role of Apelin in a cell culture model of angiogenic sprouting, which indeed turned out to be sensitive
to interference with Apelin signaling. Interestingly, the computational model suggests a “self-generated
gradient” mechanism that accelerates the extension of the sprout relative to the model without stalk and
tip cell differentiation.
Introduction
Angiogenesis, the formation of new blood vessels from existing vessels, is important in numerous mech-
anisms in health and disease, including wound healing and tumor development. As a natural response
3to hypoxia, normal cells and tumor cells secrete a range of growth factors, including vascular endothelial
growth factors (VEGFs) and fibroblast growth factors (FGFs). These activate quiescent endothelial cells
to secrete proteolytic enzymes, to migrate from the blood vessel and organize into an angiogenic sprout.
Angiogenic sprouts are led by tip cells, a highly migratory, polarized cell type that extends numerous
filopodia [1]. Tip cells express high levels of the VEGF receptor VEGFR2 [1], Delta-like ligand 4 (Dll4) [2]
and, in vitro, CD34 [3]. The tip cells are followed by stalk cells [1], a proliferative and less migratory
type of endothelial cell, which expresses low levels of Dll4 [2] and, in vitro, CD34 [3]
The behavior of tip and stalk cells during angiogenic sprouting has been well characterized in mouse
retina models and in endothelial spheroids [4, 5]. From a mechanistic point of view, however, it is
not well understood why two types of endothelial cells are involved in angiogenesis. Experimental and
computational lines of evidence suggest that in absence of tip and stalk cell differentiation, endothelial cells
can form blood-vessel like structures, albeit with abnormal morphological parameters. In cell cultures,
endothelial cells organize into network-like structures, without obvious differentiation into tip and stalk
cells [6,7], although the individual endothelial cells were found to vary in other aspects of their behavior,
e.g., their tendency to occupy the nodes of vascular networks [8]. Computational models have suggested
a range of biologically-plausible mechanisms, by which populations of identical endothelial cells can self-
organize into vascular network-like structures [9–15] and sprout-like structures can form in endothelial
spheroids [12, 13, 16]. Experimental interference with tip and stalk cell differentiation modifies, but does
not stop the endothelial cells’ ability to form networks. In mouse retinal vascular networks, inhibition
of Notch signaling increases the number of tip cells and produces denser and more branched vascular
networks [17–19], while in gain-of-function experiments of Notch the fraction of stalk cells is increased,
producing less extensive branching [17]. In vitro, similar effects of altered Notch signaling are observed
[20–22]. Taken together, these observations suggest that differentiation between tip and stalk cells is not
required for vascular network formation or angiogenic sprouting. Instead they may fine-tune angiogenesis,
e.g., by regulating the number of branch points in vascular networks.
The exact mechanisms that regulate the differentiation of tip and stalk cell fate are subject to debate.
Activation of the VEGFR2 by VEGF-A, which is secreted by hypoxic tissue, upregulates Dll4 expression
[19, 23–25]. Dll4 binds to its receptor Notch in adjacent endothelial cells, where it induces stalk cell
phenotype [26], which includes downregulation of Dll4. The resulting lateral inhibition mechanism,
together with increased VEGF signaling close to the sprout tip, may stimulate endothelial cells located
4at the sprout tip to differentiate into tip cells “in place”. Detailed fluorescent microscopy of growing
sprouts in vitro and in vivo shows that endothelial cells move along the sprout and “compete” with one
another for the tip position [4,5]. Endothelial cells expressing a lower amount of VEGFR2, and therefore
producing less Dll4, are less likely to take the tip cell position, while cells that express less VEGFR1,
which is a decoy receptor for VEGFR2 [27, 28], are more likely to take the tip cell position [4]. These
results suggest that the VEGF-Dll4-Notch signaling loop is constantly re-evaluated and thereby tip cell
fate is continuously reassigned. A series of recent observations, however, support an opposing view in
which tip cells differentiate more stably. Tip cells express the sialomucin CD34, making it possible to
produce “tip cell” (CD34+) and “stalk cell” (CD34-) cultures using fluorescence-activated cell sorting
(FACS) [3]. CD34+ cells have a significantly lower proliferation rate than CD34- cultures during the
first 48 hours, suggesting that during this time they do not redifferentiate into stalk cells. In cultures of
CD34-negative endothelial cells (stalk cells), the wild-type ratio of tip and stalk cells reestablishes only
after around ten days. Thus within the time frame of in vitro vascular network formation of around 24
to 48 hours [29] cross-differentiation between tip and stalk cells is relatively rare. These data suggest
that the differentiation between tip and stalk cells depends on a balance between (a) lateral inhibition
via the Dll4-Notch pathway [17–19, 30], and (b) a stochastically “temporary stabilized” tip or stalk cell
fate, potentially correlated with CD34 expression [3].
To develop new hypotheses on the role of tip and stalk cell differentiation during angiogenesis, we
developed an explorative approach inspired by Long et al. [31] who used a genetic algorithm to identify
the transition rules between endothelial cell behaviors that could best reproduce in vitro sprouting. Here
we use a cell-based, computational model of angiogenesis [12] that is based on the Cellular Potts model
(CPM) [32, 33]. We extend the model with tip and stalk cell differentiation, and systematically vary
the parameters of the tip cells to search for properties that make the “tip cells” behave in a biologically
realistic manner: i.e., they should move to the sprout tip and affect the overall branching morphology.
We consider both a “pre-determined” model in which ECs are stably differentiated into tip and stalk cells
throughout the simulation time of the model, and a “lateral inhibition” model, in which tip and stalk cells
cross-differentiate rapidly via Dll4-Notch signaling. We compare the tip cell properties that our model
predict with differential gene expression data, and experimentally test the resulting gene candidate in
vitro.
5Results
To develop new hypotheses on the role of tip cells during angiogenesis, we took the following “agnostic”
approach that combines bottom-up modeling, bioinformatical analysis and experimental validation. We
started from a previously published computational model of de novo vasculogenesis and sprouting angio-
genesis [12]. Briefly, the model simulates the formation of sprouts and vascular networks from a spheroid
of identical “endothelial cells”, driven by an autocrine, diffusive chemoattractant that drives endothelial
cells together (see [12] for details). In the first step, we assumed that a fraction of the cells are “tip cells”
(tip cell fraction) and the remaining cells are “stalk cells”, hence assuming that cross-differentiation be-
tween tip and stalk cells does not occur over the course of the simulation. We next systematically varied
the model parameters of the tip cells to look for cell behavior that (a) takes the tip cells to the sprout tips,
and (b) changes the morphology of the simulated vascular networks formed in the model. The predicted
differences between tip cell and stalk cell behavior were then expressed in gene ontology terms, so as to
compare them with published gene expression differences between tip and stalk cells [3]. The analysis
yielded a gene candidate that was further tested in an in vitro model of spheroid sprouting.
As a computational model for angiogenesis, we used our previous cell-based model of de novo vascu-
logenesis and sprouting angiogenesis [12]. The model assumes that endothelial cells secrete an autocrine,
diffusive chemoattractant to attract endothelial cells. Due to the resulting attractive forces between the
endothelial cells, the cells aggregate into a spheroid-like configuration. If the chemotactic sensitivity of
the endothelial cells is restricted to the interfaces between the endothelial cells and the surrounding ECM
by means of a contact inhibition mechanism, the spheroids sprout in microvascular network like config-
urations. Although our group [11, 13, 34] and others [9, 10, 14, 35–37] have suggested numerous plausible
alternative mechanisms for de novo vasculogenesis and sprouting, in absence of a definitive explanatory
model of angiogenesis we have selected the contact inhibition model for pragmatic reasons: It agrees
reasonably well with experimental observation [12, 38], it focuses on a chemotaxis mechanism amenable
to genetic analysis, and it has a proven applicability in studies of tumor angiogenesis [39], age-related
macular degeneration [40], and toxicology [41].
The computational model is based on a hybrid, cellular Potts and partial differential equation method
[32, 33, 42]. The cellular Potts method (CPM) represents biological cells as patches of connected lattice
sites on a finite box Λ of a regular 2D lattice Λ ⊂ Z2 with each lattice site ~x ∈ Λ containing a cell
6identifier σ ∈ Z+,0 that uniquely identifies each cell. Each cell σ is also associated with a cell type
τ(σ) ∈ {tip, stalk,ECM}. To mimic amoeboid cell motility the method iteratively attempts to move
the interfaces between adjacent cells, depending on the active motility of cells (expressed as a “cellular
temperature” [43] µ(τ)) and on a force balance of the active forces the cells exert on their environment
(e.g. due to chemotaxis or random motility) and the reactive adhesive, cohesive and cellular compression
forces. Assuming overdamped motility, the CPM solves this force balance as a Hamiltonian energy
minimization problem (see methods section for details).
The angiogenesis model considers the following endothelial cell properties and behaviors that we will
modify in tip cells: cell-cell and cell-matrix adhesion, volume conservation, cell elasticity, and chemotaxis
at cell-ECM interfaces. To describe cell-cell adhesion we define a contact energy J(τ, τ ′) that represents
the cost of an interface between cells of type τ and τ ′. We assume that cells resist compression and
expansion by defining a resting area A(τ). In practice the cells fluctuate slightly around their resting
area depending on the elasticity parameter λ(τ). The cells secrete a diffusive chemoattractant c at a rate
α(τ), with ∂c
∂t
= D∇2t − ǫ(τ)c + α(τ), where D is a diffusion coefficient, ǫ is a degradation rate, which
is zero inside cells, and α(ECM) = 0. Chemotaxis at cell-ECM interfaces is incorporated by biasing
active cell extension and retractions up chemoattractant with a factor χ(τ), which is the chemoattractant
sensitivity. Table 1 lists the values used for these parameters, yielding the baseline collective cell behavior
shown in Figure 1A.
Computational screening for putative tip cell behavior
We set up a screen for differences in the parameters of tip cells and stalk cells that affect the outcome
of the model. In particular, we looked for models in which tip cells lead sprouts in such a way that the
network morphology is affected. In the angiogenesis model, a fraction (Ftip) of the endothelial cells is
assumed to be the “tip cell”, τ(σ) = tip, and the remaining fraction 1 − Ftip is set to τ(σ) = stalk. We
assigned the baseline parameters used previously [12], and which are shown in Table 1, to “tip cells”
(τ(σ) = tip) and “stalk cells” (τ(σ) = stalk). We varied the underlined parameters in Table 1 to change
the behavior of “tip cells” and ran the simulation for 10 000 time steps for a series of tip cell fractions and
a series of parameters. Figure 1B illustrates a typical range of morphologies, or morphospace, that we
obtained in this way. We analyzed the position of tip cells in each morphology (Figure 1C) and analyzed
the morphology of the vascular network in function of the tip cell fraction, Ftip.
7To evaluate whether tip cells occupy sprout tips we simulated the model with a tip cell fraction of
Ftip = 0.2 and automatically detected sprouts with tip cells on the tip and counted the percentage of
sprouts with at least one tip cell at the sprout tip. If more sprout tips were occupied by a tip cell than in
the control experiment with identical tip and stalk cells, the parameter values were retained for further
analysis. Details on the automatic detection of tip cells on the sprouts tips are given in the methods
section.
Figure 2 shows the percentage of sprout tips occupied by one or more tip cells for all parameters
tested. More sprouts are occupied by tip cells that: (a) are less sensitive to the autocrine chemoattractant
than stalk cells (χ(tip) < χ(stalk)), (b) adhere more strongly to the ECM than stalk cells (J(tip,ECM <
J(stalk,ECM)), (c) adhere stronger to stalk cells than stalk cells to stalk cells (J(tip,stalk) < J(stalk,stalk)),
(d) secrete the chemoattractant at a lower rate than stalk cells (α(tip) < α(stalk)), or (e) have a higher
active motility than stalk cells (µ(tip) > µ(stalk)). Surprisingly, tip cells also move to the sprout tip if
stalk cells adhere stronger to the ECM than tip cells while previous studies with the CPM showed that
cells with the strongest ECM adhesion engulf other cells [33]. In the angiogenesis model stalk cells only
surrounded tip cells when stalk cells adhere much stronger to the ECM than tip cells (Supplementary
Figure S1A). Otherwise, chemotaxis prevented engulfment and groups of tip cells occupied the sprout tips
(Supplementary Figure S1B). Because such grouping of tip cells does not correspond with experimental
observations [1], we omitted reduced stalk-ECM adhesion in our further analysis.
Out of the cell behaviors that turned out to make cells move to the sprout tips, we next selected cell
behaviors that also affect network morphology. We quantified network morphology using two measures.
The compactness, C = Acluster/Ahull is the ratio of the area of the largest cluster of connected cells,
Acluster, and the area of the convex hull enclosing the connected cluster, Ahull [12]. It approaches C = 1
for a disk and tends to C → 0 for a sparse network. We also counted the number of “gaps” in the
network, or lacunae, Nlacunae. For details see the Methods section.
Figure 3A-F plots the compactness C (black curves) and the number of lacunae Nlacunae (blue curves)
as a function of tip cell fraction, and compares them with ‘baseline’ simulations containing only ‘stalk
cells’ (as in Figure 1A). Closed symbols indicate a significant difference with the baseline simulations
(Welch’s t-test, p < 0.05, n = 10). Cell behaviors that affected network morphologies for at least
half of the tip cell fractions tested were kept for further analysis. The screening thus selected three
putative tip cell behaviors: reduced chemoattractant sensitivity (χ(tip) < χ(stalk); see Figure 3A),
8reduced chemoattractant secretion by tip cells (α(tip) < α(stalk); see Figure 3E), and increased tip-
ECM adhesion (J(stalk,ECM) > J(tip,ECM); see Figures 3B-C). Among the latter two (panels B and
C) it turned out that for J(tip,ECM) = 5 (Figure 3C) networks could not form with too many tip cells
(see Supplementary Video S1). For this reason we will model increased ECM adhesion for tip cells by
reducing the adhesion of stalk cells with the ECM (J(stalk,ECM)).
To estimate how much tip cell behavior may differ from stalk cell behavior in our model, we re-
peated the screening for additional values of χ(tip), α(tip), and J(stalk,ECM) (Supplementary Figure
S2). The screening showed that for each of behaviors tested, tip cells occupy the sprout tips and af-
fect network formation for a range of parameter values. We identified two notable exceptions: (1) the
networks disintegrated if tip did not respond sufficiently strongly to the chemoattractant (χ(tip) < 100
(Supplementary Figure S2J), and (2) the tip cells spread out over the stalk cells to covering the whole
network for J(stalk,ECM > 70) (Supplementary Figure S2K). In absence of experimental values of the
chemotaxis parameters, we repeated the screening for three additional sets of baseline parameter values
for which network formation was not affected. The results of these extra screenings were similar to those
of the screening with the baseline parameters (Supplementary Figures S3 and S4).
Altogether, the computational screening presented in this section identified three tip cell parameters
that affect tip cell position in the sprout and the morphology of the networks formed in our computa-
tional model: reduced secretion of the chemoattractant, reduced sensitivity to the chemoattractant, and
increased tip-ECM adhesion. It is possible, however, that these effects are due to spatial or temporal
averaging of tip and stalk cell parameters, not due to interaction of two different cell types. The next
Section will introduce a control for such effects.
Comparison with control model selects “reduced chemotactic sensitivity” model
for further analysis
The computational screening highlighted three tip cell parameters that both affected the position of
tip cells in the sprouts and affected network morphology: increased tip-cell ECM adhesion, reduced
chemoattractant secretion by tip cells, and reduced chemoattractant sensitivity of tip cells. Because it
was unsure whether these effects were due to (a) the differential cell behavior of tip and stalk cells, or
(b) due to temporal or spatial averaging of the parameters differentially assigned to tip and stalk cells,
we compared the results against a control model with a uniform cell type with “averaged” parameters,
9P (cell) = (1 − Ftip) · P (stalk) + Ftip · P (tip), with P (tip) the tip cell parameter value and P (stalk) the
stalk cell parameter value.
For each of the three parameters identified in the first step of the computational screening, we com-
pared the morphologies formed in the control model after 10000 MCS with the morphologies formed in
the original model with mixed cell types (Figure 4). With increased ECM adhesion, the morphologies
resulting from the model with mixed cell types (Figure 4A) did not appear visually different from the
control model (Figure 4B). Although small differences were observed in the compactness values (Figure
4E), the morphometric measures for branching did not differ significantly between the control and ‘mixed’
model(Figure 4C-D). Next, we compared the model with reduced chemoattractant secretion rates in tip
cells with the averaged control. Visual comparison of the results suggested that the model with mixed cell
types produces similar morphologies as the control model (Figure 4F-G). This observation was confirmed
by all three morphometric measures (Figure 4H-J). Finally, we compared the results of the mixed and
control model for tip cells with reduced chemoattractant sensitivity. The networks formed with mixed
cells had larger lacunae and thinner branches, and were less regular than those formed by the control
model (Figure 4K-L), an observation that was confirmed by the morphometrics for almost all tip cell
fractions (Figure 4M-O). From these results we concluded that among the tip cell parameters that we
have tested in our model, only in the reduced chemoattractant sensitivity model the position of the tip
cells affected the morphology. We thus retained only this model for further analysis.
Local tip cell selection regularizes network morphology
In the parameter screenings presented in the previous sections, to a first approximation we assumed that a
subpopulation of endothelial cells are “predetermined” to become tip cells, e.g., due to prior expression of
CD34 [3]. It is likely, however, that tip cell fate is continuously “re-evaluated” in a Dll4-Notch-VEGFR2
signaling loop [17–19, 30]. Tip cells express Dll4 on their cell membranes [2], which binds to the Notch
receptor on adjacent cell membranes. This leads to the release of the Notch intracellular domain (NICD),
activating the stalk cell phenotype [17, 30]. Via this lateral inhibition mechanism, cells adjacent to tip
cells tend to differentiate into stalk cells. To simulate such “dynamic tip cell selection”, a simplified
genetic regulatory network (GRN) model of Dll4-Notch signaling was added to each simulated cell, as
described in detail in section Methods. Briefly, the level of NICD in each cell is a function of the amount
of Dll4 expressed in adjacent cells, weighed according to the proportion of the cell membrane shared with
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each adjacent cells. If the NICD level in a cell exceeds a threshold, ΘNICD, it differentiates into a stalk
cell, otherwise it becomes a stalk cell [17, 18, 30].
Figure 5 shows the behavior of the initial ‘static model’ (Figures 5A-F) in comparison with the
‘dynamic tip cell selection’ model (Figures 5G-L). In the dynamic model the tip cell fraction was set
using the values of ΘNICD, such that the exact tip cell fractions depended on the local configurations.
In comparison with the initial, ‘static’ model (Figure 5A-F), the model with ‘dynamic’ selection (Figure
5G-L and Supplementary Video S3) seems to form more compact and regular networks. To quantify this
difference in network regularity, we determined the variation of the areas of the lacunae of the networks
at the final time step of a simulation. Figure 5M shows this measurement averaged over 50 simulations
for a range of tip cell fractions. Lacunae in networks formed from mixtures of stalk cells and 10% to
60% ‘static’ tip cells have more variable sizes than lacunae in networks formed by the ‘dynamic tip cell’
model.
To further analyze how dynamic tip cell selection regularized network morphologies in our model,
we studied in detail how tip cells contributed to network formation in the ‘static’ and ‘dynamic’ tip cell
models. Figure 5N-Q shows the evolution of a part of a network formed with 20% ‘static tip cells’. At
first, some tip cells locate at sprout tips and others are located adjacent to or within the branches (Figure
5N). The chemoattractant gradually accumulates ‘under’ the branches, with a curvature effect producing
slightly higher concentrations at the side of the lacunae. This attracts the stalk cells (Figure 5O),
‘squeezing’ the tip cells out of the branch and away from the lacuna, due to their reduced chemoattractant
sensitivity (Figure 5P and Supplementary Video S2). The resulting layered configuration with tip cells
at the outer rim drives a drift away from the lacuna (Figure 5Q): Due to their stronger chemotactic
sensitivity, the stalk cells attempt to move to the center of the configuration, pushing the tip cells away,
thus leading to directional migration driven by a “self-generated gradient” mechanism [44].
In the ‘dynamic tip cell selection’ mechanism, such migration directed by self-generated gradients
will occur only at the sprout tips, where tip cells are selected. The model thus suggests that tip cells
could assist in producing a local, self-generated gradient mechanism that directs the migration of sprouts,
a mechanism that requires tip cells to differentiate only at sprout tips. For tip cells to “drag” just the
sprouts, only a limited number of tip cells must be present in the network. To test this idea, we compared
network morphologies for the ‘dynamic’ and the ‘static’ tip cell models for a range of tip cell fractions
(Figure 5R-T). Indeed, the network morphologies were practically identical for high tip cell fractions,
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whereas they differed significantly for all three morphometrics for tip cell fractions between 0.1 and 0.3: In
the dynamic selection model the networks become more disperse (Figure 5R) and formed more branches
(Figure 5S) and lacunae (Figure 5T) than in the ‘static’ model.
To validate the ‘dynamic’ tip cell model, we compared the effect of the tip cell ratio on network
morphology with published experimental observations. The in vivo, mouse retinal angiogenesis model is
a good and widely used model for tip/stalk cell interactions during angiogenesis [4, 5, 17–19, 23, 45–47].
Networks formed with an increased abundance of tip cells become more dense and form a larger number
of branches [17–19, 23] than wild type networks. Our computational model is consistent with this trend
for tip cell fractions between 0 and up to around 0.2 (Figure 5R-T), but for tip cell fractions > 0.2 the
vascular morphologies become less branched (Figure 5S-T). To investigate in more detail to what extent
our model is consistent with these experimental observations, we tested the effect of the tip cell fraction
in the ‘dynamic’ tip cell selection model in more detail. In particular we were interested in how the
difference in chemotactic sensitivity between tip and stalk cells affected network morphology. Figure 6
shows the effect of the NICD threshold (increasing the NICD threshold is comparable to inhibiting Dll4
expression or Notch signaling, and hence controls the tip cell fraction) for a range of tip cell chemotactic
sensitivities. When the difference in the chemotactic sensitivity between tip and stalk cells is relatively
small (χ(tip) ≥ 300)), increasing the NICD threshold results in the formation of denser network with
fewer lacunea. In contrast, when the difference in chemotactic sensitivity between tip and stalk cells is
larger (χ(tip ≤ 200), there exists an intermediate state in which the networks are both compact and have
a large number of branch points (Figure 6A4 and 6B4). This intermediate state resembles the dense,
highly connected networks that are observed when tip cells are abundant in the mouse retina [17–19,23].
Thus, when the difference in the chemotactic sensitivity of tip and stalk cells is sufficiently large, the
model can reproduce both normal angiogenesis and the excessive angiogenic branching observed for an
abundance of tip cells [17].
Survey for chemoattractant receptors reduced in tip cells reveals Apelin as
candidate
The comparative, computational model analysis of the role of tip cells in angiogenesis, predicted that–
among the models tested–a model where tip cells show reduced sensitivity to an autocrine chemoattractant
best matches tip cell phenomenology: The tip cells lead the sprouts, and facilitate the formation of
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vascular networks of regular morphology for tip cell fractions of up to around 0.2. Could a chemoattractant
with these, or very similar properties be involved in vascular development? To answer this question, we
evaluated four comparative studies of gene expression in tip and stalk cells [3, 48–50]. These studies
identified three receptors involved in endothelial chemotaxis that were differentially expressed in tip cells
and stalk cells: VEGFR2, CXCR4, and APJ. VEGFR2 is upregulated in tip cells [3,47,48]. VEGFR2 is
a receptor for the chemoattractant VEGF that is secreted by hypoxic tissue [51]. Whether or not VEGF
is secreted at sufficiently high levels to act as an autocrine chemoattractant between ECs has been under
debate [12,52,53], with the emerging being that it is most likely a long-range guidance cue of angiogenic
sprouts secreted by hypoxic tissues ([1]; reviewed in Geudens and Gerhardt 2011 [54]). The chemokine
CXCL12 and its receptor CXCR4 [55] are both upregulated in tip cells [3,48,50], suggesting that tip cells
would have higher, not lower sensitivity to CXCL12 signaling than stalk cells. Interestingly, CXCL12 and
CXCR4 are key components of a self-generated gradient mechanism for directional tissue migration in
the lateral line primordium mechanisms [44]. Because of the key role of CXCL12/CXCR4 in angiogenesis
(see, e.g., [56]) it is therefore tempting to speculate that CXCL12/CXCR4 may be part of a similar,
self-generated gradient mechanism during angiogenesis.
However, because CXCL12 expression is upregulated in tip cells relative to stalk cells, not downreg-
ulated, we will focus here on a third receptor/ligand pair differentially expressed in tip and stalk cells:
APJ and Apelin. APJ is a receptor for the endothelial chemoattractant Apelin [57–59] that is secreted
by endothelial cells [58, 59]. Apelin expression is upregulated in tip cells [3, 49, 50], whereas its receptor
APJ is not detected in tip cells [49]. Thus the expression pattern of Apelin and its receptor APJ fits
with our model prediction: Apelin is an endothelial chemoattractant that is secreted by endothelial cells
and tip cells are less responsive to Apelin than stalk cells. In our model the chemoattractant is secreted
at the same rate by tip and stalk cells, whereas Apelin is preferentially expressed in tip cells. The next
section will therefore add preferential secretion of Apelin by tip cells to the model, and test if and how
this changes the predictions of our model.
Model refinement to mimic role of Apelin/APJ more closely
The computational analyses outlined in the previous sections suggest that Apelin and its receptor APJ
might act as an autocrine chemoattractant in the way predicted by our model: Both stalk cells and tip cells
secrete Apelin and APJ [58, 59] and the tip cells do not express the APJ receptor [49]. Gene expression
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analyses [3, 49] also suggest that tip cells secrete Apelin at a higher rate than stalk cells. We therefore
tested if the simulation results still held if we changed the model assumptions accordingly: In addition to
a reduced chemotactic sensitivity in tip cells (χ(tip) = 100), we assumed tip cells secrete chemoattractant
at a higher rate than stalk cells: α(tip) > α(stalk). Although the absence of APJ expression in tip cells
suggests that tip cells are insensitive to the chemoattractant, χ(tip) = 0, to reflect the phenomenological
observation that ECs are attracted to one another, we set χ(stalk) > χ(tip) > 0. Such intercellular
attraction could, e.g., be mediated by cell-cell adhesion, by alternative chemoattractant-receptor pairs
(e.g., CXCR4-CXCL12 [60]), or by means of mechanical EC interactions via the extracellular matrix [61].
Figure 7 shows how the Apelin secretion rate in tip cells (α(tip)) affects the morphology of the vascular
networks formed in our model, as expressed by the compactness. For tip cell secretion rates of up to
around α(tip) = 0.01 the model behavior does not change. The networks became more compact for tip
cell chemoattractant secretion rates of α(tip) > 0.01, in which case stalk cells were attracted to tip cells
and laterally inhibited tip cells. Except for those cases, after correcting the model to better mimic the
expression pattern of Apelin and APJ, it formed vascular-like networks similar to those formed in the
original model with only reduced tip cell chemotaxis.
Apelin or APJ silencing inhibits sprouting in vitro and in silico
Previous studies have shown that Apelin promotes angiogenesis of retinal endothelial cells seeded on
Matrigel [58], as well as in in vivo systems such as the mouse retina, Xenopus embryo, and chick chorioal-
lantoic membrane [62]. Furthermore, in vivo inhibition of Apelin or APJ reduced sprouting in Xenopus
embryos [62], zebrafish [63], and the mouse retina [49, 64]. To assess the relation between tip-stalk cell
interaction and Apelin signaling, we inhibited Apelin signaling in an in vitro model of angiogenic sprout-
ing in which the fraction of CD34- (“stalk”) cells could be controlled. Spheroids of immortalized human
microvascular endothelial cells (HMEC-1s) were embedded in collagen gels and in collagen enriched with
VEGF. After culturing the spheroids for 24 hours at 37 degrees Celcius under 5% CO2, the cultures were
photographed (Figure 8A-F and Supplementary material). The spheroids did not form network struc-
tures within the culturing time, whereas the computational model simulated both angiogenenic sprouting
and subsequent vascular plexus formation (Figure 1A). In order to assess the effect of Apelin and APJ
silencing on sprouting in the in vitro and in silico models, we therefore selected suitable measures for
each model. In the in silico model, we measured the compactness of the clusters, with a higher value
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of the compactness corresponds with a lower degree of sprouting. In the in vitro model the degree of
sprouting was assessed by counting the number of sprouts using the semi-automated image analysis soft-
ware ImageJ. We compared sprouting in a “mixed” spheroid of HMEC-1s with a population enriched in
“stalk cells”, i.e., a population of CD34- HMEC-1s sorted using FACS. To inhibit Apelin signaling, the
spheroids were treated with an siRNA silencing translation of Apelin (siAPLN) or of its receptor (siAPJ).
Figures 8A-F and K-L show how the spheroid morphology is affected by the silencing RNA treat-
ments. Relative to a control model with non-targeting siRNA (siNT), mixed spheroids treated with
siAPLN or siAPJ formed fewer sprouts (Figure 8 A-C and G, Supplementary Figure S5, and Sup-
plementary Table S1). Interestingly, in CD34- spheroids this effect was not found: siRNA treatments
interfering with Apelin treatments slightly improved sprouting in some experiments and reduced it in
others (Supplementary Figure S5, and Supplementary Table S2). Thus these results suggest that Apelin
signaling requires a mix of CD34+ (“tip”) and CD34- (“stalk”) cells, in support of our hypothesis that
differential chemotaxis of stalk and tip cells to Apelin drives the sprout forward.
We next asked if the observed reduction of sprouting associated with inhibition of Apelin-signaling also
occurred in the computational model. To mimic application of siAPLN in the computational model, we
reduced the secretion of the chemoattractant both in tip and stalk cells to α(tip) = 10−3 and α(stalk) =
10−4. To mimic wild-type spheroids we used ΘNICD = 0.2, which yields a mix of CD34+ and CD34-
cells. To mimic spheroids enriched in stalk cells, we reduced the NICD-levels to ΘNICD = 0 in which
case all ECs became stalk cells. Figure 8I-M shows how the model responds to the inhibition of Apelin-
signaling: In both the in silico “wild type” spheroids (ΘNICD = 0.2) and in the in silico “CD34-” spheroids
( ΘNICD = 0), inhibition of Apelin-signaling reduced sprouting (see increased compactness and visible in
Supplementary Video S4). Interestingly, in agreement with the experimentsm in the “CD34-” in silico
spheroids sprouting was somewhat less strongly reduced than in the “wild-type” spheroids,
Discussion
In this work we asked how and by what mechanisms tip cells can participate in angiogenic sprouting.
We employed a suitable computational model of angiogenic network formation [12], which was extended
with tip and stalk cell differentiation. In the extended model, the behavior of tip and stalk cells could be
varied independently by changing the model parameters. Instead of testing preconceived hypotheses on
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tip and stalk cell behavior, we took a “reversed approach” in which we could rapidly compare series of
alternative hypothesis: We systematically searched for parameters that led tip cells to occupy the sprouts
tips, and that changed the morphology of the angiogenic networks relative to a baseline set of simulations
in which tip and stalk cells have identical behavior. We studied two cases, reflecting the two extremes in
the range of known molecular mechanisms regulating tip and stalk cell differentiation. In the first case,
we assumed that endothelial cells are differentiated stably between a tip and stalk cell phenotype within
the characteristic time scale of angiogenic development (approximately 24 to 48 hours). In the second
case, we assumed a much more rapidly-acting lateral inhibition mechanism, mediated by Dll4 and Notch.
Here endothelial cells can switch back and forth between tip and stalk cell fate at time scales of the same
order of cell motility. Our analysis showed that in a model driven by contact-inhibited chemotaxis to
a growth factor secreted by ECs, tip cells that respond less to the chemoattractant move to the tips of
the sprouts and speed up sprout extension. Under the same conditions, more regular and more dense
networks formed if ECs switched between tip and stalk cell fate due to lateral inhibition. This limits
tip cells to growing sprouts; due to their stronger chemotactic sensitivity the stalk cells push the tip
cells forwards leading to faster sprout extension in a mechanism reminiscent of a “self-generated gradient
mechanism” [44].
We next asked if a growth factor with the predicted properties is involved in angiogenic sprouting.
To this end we looked for matching, differential gene expression patterns in published data sets of gene
expression in tip and stalk cells. In particular the Apelin-APJ ligand-receptor pair turned out to be a
promising candidate: Apelin is a chemoattractant for endothelial cells that is secreted by endothelial
cells and the receptor APJ is only detected in stalk cells. In agreement with our simulations, in vitro
experiments on endothelial spheroids showed that inhibition of Apelin or its receptor APJ reduced in vitro
spheroid sprouting. Thus the reversed bottom-up simulation approach employed in this study, combined
with an analysis of published, top-down gene expression studies here helped identify a candidate molecule
mediating the interaction between tip and stalk cells during angiogenesis.
Our approach was inspired by a recent study that used a computational model to identify what cell
behavior changed when endothelial cells were treated with certain growth factors [31]. This study used an
agent-based, 3D model of angiogenesis in which sprouts extend from a spheroid. With a genetic algorithm
the parameters for which the model reproduces experimental results are derived. In this way Long et
al. [31] could hypothesize what changes in cell behavior the growth factors caused and successfully derived
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how certain growth factors affect cell behavior in 3D sprouting assays. Here, we used a similar approach
to study what behavior makes tip cells lead sprouts and affect network formation, using high-throughput
parameter studies instead of objective optimization approaches. Tip-stalk cell interactions have been
studied before with several hypothesis-driven models where specific behavior was assigned to the tip cells
based on experimental observations, and tip cells were either defined as the leading cell [65–70] or tip cell
selection was modeled such that the tip cell could only differentiate at the sprout tip [41, 71, 72]. These
models have been used to study how extracellular matrix (ECM) density [65], ECM degradation [65],
ECM inhomogeneity [66, 67], a porous scaffold [68, 69], cell migration and proliferation [70, 71], tip cell
chemotaxis [72] and toxins [41] affect sprouting and angiogenesis. Thus these studies asked how a specific
hypothesis of tip cell behavior and tip cell position affected the other mechanisms and observables in the
simulation. Our approach aims to develop new models for the interaction between tip and stalk cells that
can reproduce biological observation. These new hypotheses can be further refined in hypothesis-driven
model studies, as we do here, e.g., in Figure 7.
In order to make this “reversed’ approach possible, we have simplified the underlying genetic regulatory
networks responsible for tip-stalk cell differentiation. These molecular networks, in particular Dll4-Notch
signaling, have been modeled in detail by Bentley et al. [73, 74]. Their model describes a strand of
endothelial cells, and was used to study how lateral inhibition via Dll4-Notch signaling in interaction
with VEGF signaling participates in tip cell selection. With this model Bentley and coworkers predicted
that the shape of the VEGF gradient determines the rate of tip cell selection, and that for very high
levels of VEGF the intracellular levels of Dll4 and VEGFR2 oscillate. Based on their experimental
observations that tip cells migrate within a sprout, cell movement has been added to model by allowing
cells to switch positions along the sprout [4]. Bentley and coworkers reproduced tip cell migration in
the sprout and showed that the VEGFR2 levels in a cell determine the chance of that cell to become
a tip cell. The migration of tip cells in a sprouts was further studied using a model that included a
cell migration model [47]. Bentley and coworkers [47] thus showed that the differences in VE-cadherin
expression between tip and stalk cells could cause tip cell migration to the sprout tip. Altogether, these
models gave useful insights in the role of Dll4-Notch signaling and VEGF signaling in tip cell selection
in a growing sprout. Here, instead of focusing at single sprouts, we focused on the scale of a vascular
network. By combining a tip cell selection model with a cell based model of angiogenesis, we showed
that tip cell selection can aid the development of dense networks by limiting the destabilizing effects of
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tip cells.
The model prediction that tip cells respond less to a chemoattractant secreted by all endothelial cells
fits with the expression pattern of the chemoattractant Apelin, which is secreted by all endothelial cells
and of which the receptor is not detect in tip cells. Previous studies indicated that Apelin induces angio-
genesis in vitro [58,59]. Apelin-APJ signaling is necessary for vascular development in vivo systems such
as in the mouse retina [64], frog embryo [59,62], and chicken chorioallantoic membrane [62]. Furthermore,
high levels of vascularization in human glioblastoma are correlated with high expression levels of Apelin
and APJ [59]. Based on these observations Apelin is considered to be a pro-angiogenic factor. Similar
to other pro-angiogenic factors such as VEGF [75], Apelin is expressed near areas where blood vessels
develop and Apelin expression is induced by hypoxia [63]. The pro-angiogenic role of Apelin is linked
to its role as a chemoattractant [62, 63] and mitogenic factor [62, 63]. However, the role of Apelin in
proliferation may be disputed because Apelin did not promote proliferation in a series of sprouting assays
with human umbilical vein endothelial cells, human umbilical arterial endothelial cells, and human dermal
microvascular endothelial cells [59]. In this work we show that Apelin can promote angiogenesis if we
assume that Apelin is an autocrine chemoattractant and that its receptor APJ is only expressed in stalk
cells. Thus our model suggests that chemotaxis towards Apelin can induce angiogenesis independent of
Apelin-induced proliferation.
In line with our model prediction, inhibition of Apelin signaling does inhibit sprouting in our 3D
sprouting assays. This inhibition of sprouting is manifested as a decrease in the number of sprouts. As
mentioned above, Apelin may promote proliferation, and thus inhibition of Apelin signaling may results
in a reduced proliferation rate. A reduced proliferation rate would cause the sprouts to shorten, but no
tot decrease the number of sprouts. This indicates that the mechanism that drives sprouting is affected by
the inhibition of Apelin signaling. However, whereas in the model inhibition of Apelin signaling inhibits
sprouting for all tested cases, in the experimental assays the effects of Apelin or APJ inhibition depended
on the fraction of tip cells and the environment. In mixed spheroids, Apelin and APJ inhibition reduced
sprouting in both plain and VEGF-enriched collagen. In CD34- spheroids, i.e., spheroids enriched in
stalk cells, Apelin or APJ inhibition slightly inhibited sprouting in plain collagen, whereas it enhanced
sprouting in VEGF-enriched collagen matrices. This suggests that, in a VEGF rich environment, Apelin-
APJ signaling inhibits sprouting by stalk cells. VEGF has been shown to induce tip cell fate [46, 76],
as well as APJ expression [77, 78]. However, it remains unclear how the combination of a VEGF rich
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environment and Apelin signaling could inhibit sprouting.
The importance of VEGF in our validation experiments suggests that we cannot ignore VEGF in
our tip cell selection model. Dll4-Notch signaling and VEGF signaling interact directly in two ways.
First, Dll4 is upregulated by signaling between VEGF and VEGF receptor 2 (VEGFR2) [46,76]. Second,
Dll4-Notch signaling downregulates VEGFR2 [18,21,48,79] and upregulates VEGF receptor 1 (VEGFR1)
[48,80], which acts as a decoy receptor for VEGF [81]. Because in vivo VEGF acts as an external guidance
cue for angiogenesis, the interplay between VEGF signaling and Dll4-Notch signaling could promote tip
cell selection in the growing sprouts. The expression levels of VEGFR2 also directly reduce adhesion
between cells because VEGFR2-VEGF binding causes endocytosis of VE-cadherin [82]. This reduced
adhesion may enable cells with high VEGFR2 levels, such as tip cells, to migrate to the sprout tip [47].
Because of this complex interplay between between cell behavior and Dll4, Notch, VEGF, and the VEGF
receptors, future studies will replace the simplified tip cell selection model for a tip cell selection model
with explicit levels of Dll4, Notch, VEGF, VEGFR1 and VEGFR2, and link those levels directly to tip
and stalk cell behaviors. Furthermore, future studies should include explicit levels of Apelin and APJ to
study if and how VEGF-induced Apelin secretion affects network formation. Such an extended model
will provide more insight into how the interaction between stalk cell proliferation [1,83], ECM association
of VEGF [84], and pericyte recruitment and interaction [83, 85], which all have been linked to Apelin
signaling and/or VEGF signaling, affects angiogenesis.
Materials and Methods
Cellular Potts model
In the cellular Potts model [32, 33] cells are represented on a finite box Λ ⊂ Z2 within a regular square
lattice. Each lattice site ~x ∈ Λ is associated with a cell identifier σ ∈ Z{+,0}. Lattice sites with σ = 0
represent the extracellular matrix (ECM) and groups of lattice sites with the same σ > 0 represent
one cell. Each cell σ has a cell type τ(σ) ∈ {ECM,tip,stalk}. The balance of adhesive, propulsive and
compressive forces that cells apply onto one another is described using a Hamiltonian,
H =
∑
(~x,~x′)
J(τ, τ ′)(1− δ(σ, σ′))
︸ ︷︷ ︸
cell adhesion
+
∑
σ
λ(τ(σ)) (a(σ) −A(τ(σ)))2
︸ ︷︷ ︸
area constraint
, (1)
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with (~x, ~x′) a set of adjacent lattice sites, τ = τ(σ(~x)) and τ ′ = τ(σ(~x′)), σ = σ(~x) and σ′ = σ(~x′),
J(τ, τ ′) the contact energy, the Kronecker delta: δ(x, y) = {1, x = y; 0, x 6= y}, the elasticity parameter
λ(τ), and the target area A(τ). To mimic random pseudopod extensions the CPM repeatedly attempts
to copy the state σ(~x) of a randomly chosen lattice site ~x, into an adjacent lattice site ~x′ selected at
random among the eight nearest and next-nearest neighbors of ~x. The copy attempt is accepted with
probability,
paccept(∆H) =


1 if ∆H ≤ 0;
e
−∆H
f(τ,τ′) if ∆H > 0;
(2)
with
f(~x, ~x′) =


min(µ(τ), µ(τ ′)) if σ > 0 and σ′ > 0;
max(µ(τ), µ(τ ′)) otherwise.
(3)
Here is µ(τ) is the cell motility and τ = τ(σ(~x)) and τ ′ = τ(σ(~x′)) are shorthand notations. One Monte
Carlo step (MCS)—the unit time step of the CPM—consists of |Λ| random copy attempts; i.e., in one
MCS as many copy attempts are performed as there are lattice sites in the simulation box.
The endothelial cells secrete a chemoattractant at rate α(τ) that diffuses and decays in the ECM,
∂c(~x, t)
∂t
= D∇2c(~x, t) + α(τ(σ(~x)))(1 − δ(σ(~x), 0))− εδ(σ(~x), 0)c(~x, t), (4)
with c the chemoattractant concentration, D the diffusion coefficient, and ε the decay rate. After each
MCS equation 4 is solved numerically with a forward Euler scheme using 15 steps of ∆t = 2s with
absorbing boundary conditions (c = 0 at the boundaries of Λ); thus one MCS corresponds with 30
seconds. Chemotaxis is modeled with a gradient dependent term in the change of the Hamiltonian [42]
associated to a copy attempt from ~x to ~x′:
∆Hchemotaxis = −χ(τ, τ
′)
(
c(~x′)
1 + sc(~x′)
−
c(~x)
1 + sc(~x)
)
, (5)
with χ(τ, τ ′) the chemoattractant sensitivity of a cell of type τ towards a cell of type τ ′ and vice versa,
and s the receptor saturation. In the angiogenesis model we assumed that chemotaxis only occurs at
cell-ECM interfaces (contact-inhibited chemotaxis; see [12] for detail); hence we set χ(τ) = 0 if τ 6= ECM
and τ ′ 6= ECM. For the remaining, non-zero chemoattractant sensitivities we use the shorthand notation
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χ(τ).
Tip cell selection model
The differentiation between tip and stalk cells is regulated by a simplified tip and stalk cell selection
model. The model is based on lateral inhibition via Dll4-Notch signaling: If Dll4 binds to Notch on a
adjacent cell it causes the dissociation of Notch, resulting in the release of Notch intracellular domain
(NICD) [86]. We assume that tip cells express Notch at a permanent level of N (tip) and Delta at a level
of D(tip); stalk cells express Delta and Notch at permanent levels of N (stalk) and D(stalk). The level of
NICD in a cell, I(σ), is given by,
I(σ) =
N (τ(σ))
a(σ)
∑
n∈neighbors
D(τ(n))Lσ∩n, (6)
in which N (τ) and D(τ) are the levels of Notch and Delta in a cell of type τ , and Lσ∩n is the length
of the interface between cells σ and n. To model differentiation between the stalk and tip cell type in
response to the release of NICD [17,30] the cell type is a function of the cell’s NICD level,
τ(σ) =


tip if I(σ) ≤ ΘNICD;
stalk if I(σ) > ΘNICD,
(7)
with ΘNICD threshold representing the NICD-level above which the cell differentiates into a stalk cell.
To prevent rapid cell type changes, we introduced a hysteresis effect by setting the Notch levels to:
N (tip) = 0.3 and N (stalk) = 0.5. The Dll4 levels are set according to the experimental observation that
tip cells express more membrane bound Dll4 than stalk cells [2]: D(tip) = 4 and D(stalk) = 1.
Morphometrics
To quantify the results of the sprouting simulations we calculated the compactness of the morphology
and detect the lacunae, branch points and end points. The compactness C is defined as C = Acell/Ahull,
with Acell the total area of a set of cells and Ahull the area of the convex hull around these cells. For
the compactness we used the largest connected component of lattice sites with σ > 0. This connected
component was obtained using a standard union-find with path compression [87]. The convex hull around
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these lattice sites is the smallest convex polygon that contains all lattice sites which is obtained using the
Graham scan algorithm [88].
Lacunae are defined as connected components of lattice sites with σ(~x) = 0 (ECM) completely sur-
rounded by lattice sites with σ(~x) > 0. These areas are detected by applying the label function of Mahotas
on the binary image
{
~x ∈ Λ, 1σ(~x)=0
}
, i.e., the image obtained if medium pixels are set to 1 and all other
pixels are set to 0. The number of labels areas in this image is the number of lacuna, and the number of
lattice sites in a labeled area is the area of a lacuna.
To identify the branch points and end points, the morphology is reduced to a single pixel morphological
skeleton [89]. For this, first the morphology is obtained as the binary image
{
~x ∈ Λ, 1σ(~x)>0
}
. Rough
edges are removed from the binary image by applying a morphological closing [90] with a disk of radius 3.
Then, 8 thinning steps are performed in which iteratively all points that are detected by a hit-and-miss
operator are removed from the image [90]. In the skeleton, pixels with more than two first order neighbors
are branch points and pixels with only one first order neighbor are end points. The skeleton may contain
superfluous nodes. Therefore, all sets of nodes that are within a radius of 10 lattice units are collected
and replaced by a single node at: ~nmerged = 〈~x〉{~x∈nodes:|~n−~x|<10}.
All morphological operations are performed using the Python libraries Mahotas [91] and Pymorph [92].
Mahotas implements standard morphological operations, except for the closing and thinning operations
required for skeleton generation. For these we use Pymorph, that implements a more complete set of mor-
phological operation than Mahotas. However, as it is implemented in pure Python it is computationally
less efficient than Mahotas.
Tip cell detection
Cells at the sprout tips were automatically detected in two steps: (1) detection of the sprouts in the
network; (2) detection of the cells on the sprout tip. For the first step, detecting sprouts, a sprout is
defined as a connection between a branch point, ~B, and an end point, ~E. To find the branch point ~B that
is connected to end point ~E, all nodes, except ~E, are removed from the morphological skeleton (Figure
9B). In the resulting image one part of the skeleton is still connected to ~E, this is the branch. Then, all
nodes are superimposed on the image with the branch (Figure 9C) and the node connected to ~E is the
branch point ~B. Next, we search for the cells at the tip of the sprout, which are the cells in the sprout
furthest away from σB . To find these cells we use a graph representation of the morphology. In this
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graph, G(v, r), each vertex v represented a cell and vertices of neighboring cells shared an edge (Figure
9D). Now, we calculate the shortest path between each vertex v and the vertex belonging to the cell at
the branch point vB using Dijkstra’s algorithm [93]. Then, we iteratively search for vertices with the
longest shortest path to vB starting at the vertex associated to σE (vE). To limit the search to the a
single sprout, the search is stopped when vB is reached. When the search is finished, the node or nodes
with the longest shortest path to vB represent the cells or cells that are at the sprout tip.
Model implementation and parameter sweeps
The simulations were implemented using the cellular Potts modeling framework CompuCell3D [94] which
can be obtained from http://www.compucell3D.org. The simulation script is deposited in Supplemen-
tary File S1. File S1 also includes two extensions to CompuCell3D, called steppables, which we developed
for the simulations presented in this paper. Steppable RandomBlobInitializer is used to initialize the sim-
ulations with a blob of cells, and steppable TCS contains the tip cell selection model. To efficiently set
up, run and analyze large parameters sweeps including the ones presented in this paper, we have devel-
oped a pipeline to set up, run, and analyze large numbers of simulations of cell-based models on parallel
hardware using software like CompuCell3D, described in detail elsewhere [95]. Briefly, the pipeline au-
tomatically generate simulation scripts for a list of parameters values, run the simulations on a cluster,
and analyze the results using the morphometric methods described in sections Morphometrics and Tip
Cell Detection.
In vitro sprouting assay
Immortalized human dermal endothelial cells (HMEC-1s) were cultured in 2% gelatin-coated culture
flask at 37 ◦C under 5% CO2 with a M199 medium (Gibco, Grand Island, NY, USA) supplemented
with 10% foetal calf serum (Biowhittaker, Walkersvillle, MD, USA), 5% human serum and 1% Penicillin-
streptomycin-glutamine (Gibco). The HMEC-1 cells used in this study were a kind gift of Prof. Dr. P.
Hordijk (Sanquin, Amsterdam, the Netherlands). Cell suspensions were obtained from the cultures by
TrypLE (Gibco) treatment of adherent endothelial cell monolayers. After the cells were extracted from
the culture they were seeded in methylcellulose (Sigma-Aldrich) containing medium to allow spheroid
formation [96]. After 18 hours, the spheroids were embedded in a collagen gel containing human serum.
In the period that these experiments were performed, the lab had to change collagen gels because of
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availebility issues. Therefore, the following three gels were used: Purecol bovine collagen (Nutacon,
Leimuiden, the Netherlands), Nutacon bovine collagen (Nutacon, Leimuiden, the Netherlands), and Cul-
trex rat collagen I (R&D Systems, Abingdon, United Kingdom). The gels may be supplemented with
VEGF-A (25 ng/ml). After 24h images of the sprouts were obtained using phase-contrast microscopy.
Using ImageJ [97] with the NeuronJ plugin [98] the number of sprouts and the length of the sprouts in
the image were counted.
To study sprouting in absence of tip cells, CD34 negative HMEC-1s [3] were extracted using Fluorescence-
activated cell sorting (FACS). For this the cells were washed in PBS containing 0.1% bovine serum albu-
min. Cells were incubated with anti-CD34-phycoerythrin (anti-CD34-PE; clone QBend-10) and analyzed
by flow cytometry on a FACSCalibur (Becton Dickinson, Franklin Lakes, NJ, USA) with FlowJo 6.4.7
software (Tree Star, San Carlos, CA, USA).
To inhibit Apelin signaling HMEC-1s were transfected with a silencing RNA (siRNA) against Apelin
(siAPLN) or against the Apelin receptor APJ (siAPJ), and a non-translating siRNA (siNT) was used as
a control. For each siRNA the HMEC-1s were transfected with 25 nM siRNA (Dharmacon, Lafayette,
CO, USA) final concentration and 2.5 nM Dharmafect 1 (Dharmacon) for 6 hours using the reversed
transfection method [99]. Transfection efficiency was evaluated with qPCR and a knockdown of RNA
expression above 70% was considered as an effective transfection. The significance of each treatment was
analyzed in a two-step procedure. First, groups in which the means differ significantly were identified with
analysis of variance (ANOVA). Second, for the groups with different means, the results of the siAPJ and
siAPLN treatments are compared to the results of the siNT treatment using Tukey’s range test [100,101].
All experimental measurements are included in Dataset S1.
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Figure 1. Overview of the angiogenesis model and the parameter search. A Time-lapse of
angiogenesis model behavior B For each parameter P that is tested in the parameter search a
morphospace is created to compare the different parameter values for different tip cell fractions. C Each
morphology is studied in detail to see if the sprout tips are occupied by tip cells (red). D Each row of
morphologies is studied to find rows in which the morphologies change, indicating that network
formation depends on the tip cell fraction.
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Figure 2. Differences in cell properties can enable cells of one type to occupy sprout tips.
The percentage of sprout tips occupied by at least one tip cell was calculated at 10 000 MCS and
averaged over 50 simulations (error bars depict the standard deviation). In each simulation 20% of the
cells were predefined as tip cells. For each simulation one tip cell parameter was changed, except for the
control experiment where the baseline parameters were used for both tip and stalk cells. p-values were
obtained with a one sided Welch’s t-test for the null hypothesis that the number of tip cells at the
sprout tips is not larger than in the control simulation.
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Figure 3. Effects of different tip and stalk cell properties on network morphology. A-F
Trends of compactness (black rectangles) and number of lacunae (blue circles) calculated with the
morphologies at 10 000 MCS. For each data point 10 morphologies were analyzed and the error bars
represent the standard deviation. p-values were obtained with a Welch’s t-test for the null hypothesis
that the mean of the sample is identical to that of a reference with the baseline parameters listed in
Table 1. For B this reference is the data for tip cell fraction 1 and for all other graphs this is the data for
tip cell fraction 0. G-L Morphologies after 10 000 MCS for each tested parameter value with Ftip = 0.2.
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Figure 4. Comparison of networks formed with mixed cells and cells with average
properties. A, F, and K morphologies for mixed tip (red) and stalk (gray) cells (Ftip = 0.5). B, G,
and L morphologies for averaged cells (Ftip = 0.5). C-E, H-J, and M-O morphometrics for a range of
tip cell fractions for both the control and mixed model. The morphometrics were calculated for 50
simulations at 10 000 MCS (error bars represent the standard deviation). p-values were obtained with a
Welch’s t-test for the null hypothesis that the mean of mixed model and the control model are identical.
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Figure 5. Effects of tip cell selection on network formation. A-F Networks formed with
varying fractions of predefined tip cells (Ftip) with χ(tip) = 400 at 10 000 MCS. F-L Networks formed
with selected tip cells for varying NICD thresholds (ΘNICD) at 10 000 MCS. M Standard deviation of
lacuna area in a network after 10 000 MCS. N-Q Close up of the evolution of a network with 20%
predefined tip cells (marked area in B). R-T Comparison of the morphometrics for networks formed
with predefined and selected tip cells with reduced chemoattractant sensitivity (χ(tip) = 400) and
network at 10 000 MCS. For the simulations with tip cell selection, the average tip cell fraction was
calculated for each NICD threshold. For all plots (M and R-T) the values were averaged over 50
simulations and error bars depict the standard deviation.
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Figure 6. Effects of reducing tip cell chemoattractant sensitivity for varying NICD
thresholds. Morphospace of the final morphologies (10 000 MCS) with varying tip cell
chemoattractant sensitivities (χ(tip)) and NICD thresholds (ΘNICD).
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Figure 7. Effects of increasing tip cell Apelin secretion rate for varying levels of tip cell
chemotaxis. Average compactness of the final network (10 000 MCS) with the morphologies for
χ(tip) = 100 for tip cell Apelin secretion rates of α(tip) = 1.6 · 10−3, α(tip) = 4.0 · 10−3,
α(tip) = 1 · 10−2,α(tip) = 1.6 · 10−2, and α(tip) = 4.0 · 10−2 as insets. Except for α(tip), all parameters
have the values listed in Table 1. Data points show average values for n = 50 simulations with error
bars giving the standard deviation.
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Figure 8. Effects of Apelin or APJ silencing in spheroid sprouting assays. A-F Microscopy
images of the WT and CD34- spheroids in VEGF-enriched collage after 24 hours. G-H Number of
sprouts after 24 hours for spheroids with mixed cells and CD34- spheroids. These metrics are the
average of all successfully cultured spheroids in all duplicate experiments with the error bars depicting
standard deviation. I-L Comparison of final morphologies (10 000 MCS) formed by the computational
angiogenesis model without and with inhibited Apelin-signaling. M Average compactness of the final
morphology (10 000 MCS) for 50 simulations with the error bars depicting the standard deviation. *
denotes p < 0.05; p-values for simulations where obtained with a Welch’ t-test; significance for
experiments was tested using an ANOVA within each group, followed by comparisons with the siNT
treatment using Tukey’s range test.
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D
Figure 9. Detection of cells at the tips of sprouts. A-C detection of sprouts in a network. A
Skeleton with branch points and end points. B Skeleton from which all nodes except ~E are removed. C
The union of the nodes and the connected component in B that contains ~E. The node that, in C, is
part of the same connected component as ~E is the branch point ~B. D detection of cells at the sprout
tip (red vertices), which are farthest away from the branch point vB (black vertex).
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Tables
Table 1. Parameter values for the angiogenesis and tip cell selection model. Underlined parameters are
varied in the screen for tip cell behavior
Symbol description value
µ(tip),µ(stalk) cell motility 50
J(tip,stalk), J(tip,tip), J(stalk,stalk) cell-cell adhesion 40
J(tip,ECM), J(stalk,ECM) cell-ECM adhesion 20
A(tip), A(stalk) target area 100 pixels
λ(tip), λ(stalk) elasticity parameter 25
χ(tip), χ(stalk) chemoattractant sensitivity 500
α(tip), α(stalk) chemoattractant secretion rate 10−3 s−1
ǫ(ECM) chemoattractant decay rate in ECM 10−3 s−1
ǫ(tip), ǫ(stalk) chemoattractant decay rate below cells 0
D chemoattractant diffusion coefficient 10−13 m2s−1
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Supporting Information
Video S1 Cells aggregate instead of forming a network with 20% predefined tip cells and J(tip,ECM) = 5.
Video S2 Close up of tip cells on the side of a branch that cause network expansion. For this simulation
the 20% of the cells were predefined as tip cells with χ(tip) = 400.
Video S3 Selected tip cells do not pull apart the network in a simulation with ΘNICD = 0.1 and
χ(tip) = 200.
Video S4 Sprouting is strongly inhibited for ΘNICD = .2 and 90% inhibition of Apelin secretion (α(tip) =
10−3s−1 and α(stalk) = 10−4s−1).
Video S5When the model is adapted for Apelin, ‘predefined’ tip cells get surrounded by stalk cells. For
this simulation 10% of the cells were predefined as tip cells with χ(tip) = 400 and α(tip) = 0.01.
Dataset S1 Archive containing the results of morphological analysis of the in vitro endothelial sprouting
assays. The archive contains 4 Excel files for wildtype (“mixed”) endothelial spheroids and 5 Excel files
for CD34- spheroids.
File S1 Simulation script and code needed to run the simulations in the CPM modeling framework
CompuCell3D [94]. The simulation script (angiogenesis.xml) can be used when the two CC3D steppables,
RandomBlobInitializer and TCS, are compiled and installed. RandomBlobInitializer is needed to initialize
a simulation with a circular blob and this steppable may be replaced with CC3D’s BlobInitalizer. TCS
is the steppable that runs the Dll4-Notch genetic network and should be omitted to run simulations with
predefined tip cells.
Exp. 1 Exp. 2 Exp. 3 Exp. 4 Pooled
siAPLN up no effect down down down
siAPJ no effect down down down down
siAPLN+VEGF down down down down down
siAPJ+VEGF down no data down down down
Table S1. Overview of the effects of siAPJ and siAPLN on sprouting of spheroids with mixed cells for
each individual experiment. Effects considered to be significant if p < 0.05, see the methods section for
details of the statistical analysis.
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Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Pooled
siAPLN down down no effect up up no effect
siAPJ down no effect down no effect no effect down
siAPLN+VEGF up up up up no effect up
siAPJ+VEGF no effect up up up up up
Table S2. Overview of the effects of siAPJ and siAPLN on sprouting of spheroids with CD34- cells for
each individual experiment. Effects considered to be significant if p < 0.05, see the methods section for
details of the statistical analysis.
J(stalk,ECM) = 5 J(stalk,ECM) = 10
A B
Figure S1. Effects of increasing ECM adhesion for stalk cells. A stalk cells that adhere more strongly
to the ECM than tip cells will engulf tip cells. B stalk cells that adhere slightly more to the ECM than
tip cells do engulf tip cells, because chemotaxis has the same effect on tip and stalk cells. A-B are the
results of a simulation of 10 000 MCS with 20% tip cells.
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Figure S2. Effects of varying tip cell chemotaxis (A-C), tip cell chemoattractant secretion rate (D-F)
and stalk-ECM adhesion (G-I). The morphometrics were obtained after 10 000 MCS and are the
average of 50 simulations (error bars represent standard deviation). p-values were obtained with a
Welch’s t-test for the null hypothesis that the mean of the sample is identical to that of a reference
where all cells have the default properties. J the network disintegrates with χ(tip) = 100) and 20% tip
cells. K tip cells over the network for J(stalk,ECM) = 70 and 20% tip cells.
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Figure S3. Differences in cell properties can enable cells of one type to occupy sprout tips for three
alternative parameter sets. For A the decay rate was reduced, for B the decay rate was increased and
for C receptor saturation was included in the model. The percentage of sprout tips occupied by at least
one tip cell was calculated at 10 000 MCS. Error bars show the standard deviation over 50 simulations.
In each simulation 20% of the cells were predefined as tip cells. For each simulation one tip cell
parameter was changed, except for the control experiment where the baseline parameters were used for
both tip and stalk cells. p-values were obtained with a one sided Welch’s t-test for the null hypothesis
that the number of tip cells at the sprout tips is not larger than in the control simulation.
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Figure S4. Effects of tip cells with J(stalk,ECM (A-C), α(tip) (D-F) or χ(tip) (G-I) on the network
morphology for the three alternative parameter sets. The morphometrics were obtained after 10 000
MCS and are the average of 10 simulations (error bars represent standard deviation). p-values were
obtained with a Welch’s t-test for the null hypothesis that the mean of the sample is identical to that of
a reference sample in which all cells have the default properties.
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Figure S5. Effect of siAPJ and siAPLN on sprout lengths for all experiments. These metrics are the
average of all the successfully cultured spheroids per experiments with the error bars depicting the
standard deviation. The * denotes p < 0.05, see the methods section for details of the statistical
analysis. Note that the experiments are done with different collagen gels: Purecol collagen (A,E),
Nutacon collagen (B, F, G), and Cultrex rat collagen (C, D, H, I).
